The aim of this research is to explore the volatility contagion among different agricultural commodity markets. For this purpose, this research make use of the copula-GARCH (Generalized Autoregressive Conditional Heteroskedasticity) model for the daily spot prices of six major agriculture grain commodities including corn, wheat, soybeans, soya oil, cotton, and oat over the period from 2000 to 2019. Our results provide evidence that significant contagion effects and risk transmissions exist among different agricultural grain commodity markets, suggesting that potential speculation effects on one agricultural market could be contagious for another agricultural market and result an increase in volatility in agricultural product markets. Second, agricultural commodities appears to co-move symmetrically. We also find substantial extreme co-movements among agricultural commodity markets. This indicates that agricultural commodity markets tend to crash (boom) together during extreme events. Moreover, after the food crisis, contagion effects and risk transmissions among different agricultural commodity markets increased substantially. Fourth, we find that the strongest contagion effects and risk transmissions are between corn and soybeans, and the weakest contagion effects and risk transmissions are between soya oil cotton and between cotton and oat. Last, we document that the co-movement varies over time. Our findings hold important implications for modeling the co-movement by the copula-GARCH approach.
Introduction
With recent surges in agricultural commodity prices and price volatilities, academics, policymakers, investors, farmers, and consumers have been paying more attention to agricultural commodity markets. Moreover, since 2000, the prices of agricultural commodities have experienced long-term and sharp fluctuations. In particular, from 2006 onward, the international price of major agricultural commodities has exhibited a substantial tendency to rise. The prices of agricultural commodity surged and experienced sharp fluctuations in 2013 and 2014. Thereafter, the price of agricultural products showed a downward trend in 2015-2016, and then there was a significant stagnation. The observed fluctuations in agricultural commodity prices could be interpreted by some external factors such as macroeconomic uncertainties, agricultural production, financial crises, huge and persistent demand, biofuels demand, different stock market phases, and climate warming. In addition, it can be explained by the interaction and contagion among agricultural commodity markets, as studied in this paper. between commodity and stock markets, while Sriboonchitta et al. [27] document dependence between agricultural prices and production indices in Thailand. As far as we know, there is no previous study that applies the copula-GARCH approach to analyze the nature of agricultural commodity markets. To bridge the gap in the literature, we employ the copula-GARCH approach to investigate dependence and asymmetric co-movements among different agricultural commodity markets in this paper. To do so, we first specify a model of the marginal distribution of the return on each main agricultural commodity and a joint model for co-movement (The methodology we applied in this paper is to analyze the co-movement between variables, which is also called dependence. We use both terms in this paper.). We the first employ the ARMA-GJRGARCH (Autoregressive moving average-Glosten, Jagannathan and Runkel's GARCH) model to estimate the heteroscedasticity and other features of the marginal distribution for the return on each agricultural commodity. Thereafter, we employ several static copulas to examine dependence structures and tail dependence and use the dynamic copulas to capture time-varying dependence. Employing daily data from 3 January 2000 to 30 September 2019, we find significant dependence among different agricultural commodity markets. More interestingly, we notice that there are symmetric extreme co-movements among different agricultural commodity returns, indicating that the agricultural commodity markets being studied in this paper boom and crash together. In addition, we document that the co-movement and extreme co-movement are stronger after the food crisis than before the crisis, which imply a contagion effect enhancement after food crises. Finally, the empirical results show that the dependence changes over time. Our findings hold important implications for modeling the co-movement by the copula-GARCH approach.
The organization of this research is as follows. The data and the copula-GARCH approach are presented in Section 2. Section 3 describes the empirical study, and Section 4 presents drawn inferences on policy making from our findings. The last section provide some concluding remarks.
Data and Methodology

Data
In this paper, we investigate whether there is any contagion effect between any pair of the six agriculture grain commodities, namely, corn (No. 2 Yellow US), wheat (No. 2 Soft Red), soybean (No. 1 Yellow US), soya oil (Crude Decatur), oats (No. 2 Milling Minneapolis), and cotton( Low -Midl). We choose the daily closing spot price P t at time t for any of the six agriculture commodities in our study. The data being used in our study are from 1 January 2000 to 30 September 2018, which were obtained from Thomson Reuters. In this paper, we will analyze the behaviors of the log-return r t = ln(P t /P t−1 ) of the daily closing spot price P t for any of the agriculture grain commodities.
Copula Function
A copula is a multivariate cumulative distribution function (CDF) of several random variables with uniform marginal distributions to capture the dependence or co-movement among the variables. Since our paper only studies the relationship between two variables, we only discuss the bivariate case in this paper as follows: we let r 1 and r 2 be the log-returns of daily agriculture prices in two different markets with marginal distributions F 1 and F 2 with joint distribution F 12 (Sklar [28] ). Then, there exists a copula C: [0, 1] 2 → [0, 1] such that F 12 (r 1 , r 2 ) = C(F 1 (r 1 ), F 2 (r 2 )).
(
Copula C that could be used to measure the dependence between the variables r 1 and r 2 . In addition, the copula could be used to characterize the tail dependence such that it can measure the probability of the variables to be jointly in the lower (left) or upper (right) tails. We call the dependence measures of the two tails the lower (left) or upper (right) dependence parameters, denoted by λ U and λ L such that
λ L = lim u→0 Pr r 2 < F −1 2 (r 2 ) r 1 < F −1 1 (r 1 ) . λ L > 0 implies that the random variables have lower tail dependence, while λ U > 0 shows that variables have upper tail dependence. These suggest that a non-zero probability of observing an extremely low (large) return of one series is associated with an extremely low (large) volatility of the other series in this research. Moreover, tail dependence is called symmetric if the lower tail dependence is equal to the upper tail dependence parameter; otherwise, it is asymmetric.
Marginal Distribution of Agricultural Commodity Returns
Daily agricultural commodity returns have a tendency to show the characteristics of heteroskedastic, clustered, fat-tailed, and asymmetric leverage volatility. As a result, the (log) return of agricultural commodity r t can be estimated by the following ARMA (k, r) -GJRGARCH (1, 1) model:
h s,t = ω s + α s e 2 s,t−1 + γ s I s,t−1 e 2 s,t−1 + β s h s,t−1 where e s,t denotes the random error, h s,t is the conditional variance of volatility of e s,t , φ s,i stands for the ith lag autoregressive (AR) parameter, α s denotse the ARCH parameter associated with e 2 s,t−1 , and β s denotes the GARCH parameter associated with h s,t−1 . The asymmetric effect is captured by the coefficient γ s , and I s,t−1 is an indicator function taking the value of one if e s,t−1 < 0 and zero otherwise. In addition, we assume that ω s > 0, α s , β s ≥ 0, α + γ ≥ 0, and α s + β s + γ s /2 < 1 to ensure that variance process is positive and stationary. Moreover, the standardized residual z s,t is skewed t-distribution with λ s degrees of freedom.
The Static Copulas
This paper adopts static Gaussian copula, Student-t copula, Clayton copula, and Gumbel copula to investigate the dependence and tail dependence between any two agriculture markets. The different copula models are briefly shown as follows.
The Gaussian copula (Embrechts et al. [29] ) is
where u and v stand for the CDFs of the standardized residuals from the marginal models discussed in Section 2.3, in which the values of both u and v in [0,1] Φ ρ are the bivariate standard normal distribution function with correlation ρ ∈ (−1, 1). The Student-t copula (Embrechts et al. [29] ) is
where t n is the univariate Student-t distribution with n degrees of freedom (DoF), and t ρ,n is the bivariate Student-t distribution with n DoF and correlation ρ ∈ (−1, 1). The parameters of n and ρ determine the extent of the symmetric extreme dependence by the upper and lower tail dependencies,
The Gumbel copula (Gumbel [30] ) is asymmetric and is defined as
whereũ = − ln(u),ṽ = − ln(v), and τ ∈ [1, +∞) measures the dependence between u and v. It has a higher probability concentration in the upper tail with dependence λ U = 2 − 2 1 τ > 0, while the probability of dependence in the lower tail is zero; that is, λ L = 0.
The Clayton copula (Clayton [31] ) is also asymmetric and it is defined as
where τ ∈ [0, +∞) measures the dependence between u and v. Different from the Gumbel copula, it has a higher probability concentration in the lower tail with lower tail dependence λ L = 2 −1/τ >0. Moreover, the probability of dependence in the upper tail is zero; that is, λ U = 0.
The Time-Varying Copula
In order to get the dynamic dependence, this research use Equation (8) to do, which as follow:
is to ensure that the dynamic dependence parameter, ρ t , falls within the interval (-1, 1), 0 ≤ β c < 1, captures the persistence effect from ρ t−1 , α c is a constant term such that α c > 0 indicating that there is a significant positive copula, and γ c is a latent parameter that displays whether the return information from the previous period contributes to the copula.
Estimation and Calibration of the Copula
The canonical maximum likelihood (CML) method is adopted to obtain the CML estimateθ CML of the parameter θ for different copulas in our study. To do so, we first obtain the estimatesF 1 andF 2 for the CDFs, F 1 and F 2 , from the observations x 1 and x 2 . We denote them asû andv such that:
where T is the number of observations and I is the indicator function with
Thereafter, we apply the following equation to obtain the CML estimateθ CML of the parameter, θ, for the copulas discussed in Sections 2.5 and 2.6:
where θ is an unknown copula parameter, including the dependence ρ t , τ t and n degrees of freedom for the copulas discussed in Section 2.5.
Empirical Results
Preliminary Study
Before we apply the approaches we described in the methodology section to the data, we first conduct some simple analysis to explore the nature of the data. To do so, Figure 1 show the plot of the daily prices of corn, wheat, soybeans, and oats. From the figure, we obtain the following observations: first, the price movements of corn, wheat, soybeans, and soya oil are similar and highly correlated. Second, prices spike in both 2008 and 2011. For example, we note that academics such as Abbott et al. ( [32] ) believe that the major drivers of the spikes in agricultural commodity prices in both 2008 and 2011 are the persistent shocks stemming from demand for biofuels, Chinese soybean imports, weather conditions, and stock levels. Third, the prices of the four agricultural commodities start to rise in 2006. This is due to the food price crisis during 2006-2008. In order to account for the impact of the food crisis on the prices of the commodities, we divide the full sample into two parts: the pre-crisis period, which is from 3 January 2000 to 31 December 2005, and the crisis and post-crisis period, which is from 1 January 2006 to 30 September 2019. To avoid confusion, we will refer to the crisis and post-crisis period as the post-crisis period.
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Correlation Analysis
We turn to studying correlations for any pair of returns from the four agricultural commodities being studied in this paper. The results are presented in Table 2 show that all the correlations are significantly positive except for the correlations between oat and cotton in pre-crisis period. The positive Kendall's tau implies that the probability of concordance is significant among returns of six agricultural commodities. Likewise, there exist strong rank correlations between agricultural commodity markets. Moreover, the table shows that the conclusions drawn from all the correlations are consistent. It shows that corn and soybeans have the strongest dependence, followed by corn and wheat, while wheat and oats have the least dependence. Last, we find that the relationship between agriculture commodities has strengthened since the advent of the food crisis from 2006 onward. 
Marginal Models
We apply the ARMA (k, r)-GJRGARCH (1, 1) model discussed in Section 2.4 to estimate the marginal distribution of the return for each of the agriculture commodities in the two periods by employing maximum likelihood estimation. We consider different combinations of k and r in the estimation and use the AIC (Akaike information criterion) to select the best model and present the results in Table 3 . For the pre-crisis period, we find that the ARMA (0, 0)-GJRGARCH (1, 1) specification is the best model for corn, wheat, soya oil, and oats, and the ARMA (1, 0)-GJRGARCH (1, 1) is the best model for soybeans and cotton. For the post-crisis period, the best model for corn and oats is ARMA (0, 0) GJRGARCH (1, 1) , and the best model for wheat, soybeans, soya oil, and cotton is ARMA (1, 0)-GJRGARCH (1, 1). In both periods, the estimates of the GARCH parameter β s are highly significant in all series, suggesting that the volatility at time t depends on the volatility at time t-1. On the other hand, the estimates of the ARCH parameter α s are significant in all series, except for wheat and corn in the pre-crisis period, indicating that the volatility of the returns on all of the series except for wheat and corn in the pre-crisis period at time t depends on the innovation at time t-1.
In the pre-crisis period, volatility asymmetry γ s is negative significant in the returns of corn, soybeans, and soya oil, showing that corn, soybeans, and soya oil have a significant leverage effect whereby in general, good news has a greater impact on the conditional variance than bad news. Meanwhile, volatility asymmetry γ s is positive significant only in the returns of wheat and cotton, showing that both wheat and cotton have the significant leverage effect whereby in general, bad news has a greater impact on the conditional variance than good news. In the Post-Crisis, volatility asymmetry γ s is negative significant only in the returns of soya oil and oat, showing that both soya oil and oat have a significant leverage effect whereby in general, good news has a greater impact on the conditional variance than bad news. Last, the ARCH (10) statistic suggests that an ARCH effect does not exist in the residuals of the returns of all the agriculture commodities being studied in this paper.
After fitting various ARMA-GARCH models for the returns of the agriculture commodities, we obtain the corresponding standardized residual z s,t , which is then transformed into the variatesû s,t , using the CDF. Patton [35] points out that the probability integral transform of variatesû s,t must be an independently and identically distributed (iid) uniform random variable of range [0,1]. If the probability integral transform of variateû s,t is not iid uniform (0,1), then the copula models cannot be used to model the residuals. Thus, to ensure that copula models can be used, the Ljung-Box (LB) test is used to examine the serial correlation under the null hypothesis of serial independence; then, we apply the Kolmogorow-Smirnov (KS) test to test the null hypothesis thatû s,t is distributed as uniform (0,1). Table 4 reports these two test's P-values. The results of the LB tests imply that all of the first four moments are serially independent, while the results of the KS test indicate that all the series are distributed as uniform (0,1). The results imply that the copula method could be applied to capture the tail dependence and dependence for each pair of agricultural commodity returns. (3) and (4). ** and * denote rejection of the null hypothesis at the 1% and 5% significance levels, respectively. ARCH (7) is an Engel's LM test for the ARCH effect in the residuals up to seventh orders. Table 5 exhibits the copula models' results. The table show that the parameters of dependence for the four copulas are positively and strongly significant for all the pairs of the agriculture commodities in all periods, excluding the pairs of oat and cotton in the pre-crisis period. This result concludes that a strong positive dependence exists between any pair of agricultural commodity prices, except for the pairs of oat and cotton in the pre-crisis period. This, in turn, implies that there is a strong contagion effect among the agricultural commodity markets such that an increase in volatility in one agricultural market is likely to lead to an increase in volatility in other agricultural markets. Moreover, we can observe that the values of the estimates of the dependence parameters among different agricultural commodity markets increased substantially after the food crisis in 2006. This results show that contagious effects among agricultural products boost after the food crisis in 2006. In addition, the results of the copula models studied in this paper indicate that the static dependence is highest between soybeans and corn, followed by corn and wheat, wheat and soybeans, and then soybeans and soya oil. The main reason is that corn, wheat, and soybeans are the main agriculture products, and they have high substitution among them. The least dependence is between cotton and oat, which suggests that there is little correlation and a weak transmission effect between oat and cotton. Note: This table reports the estimates of static copula parameters defined in Equations (5)- (8) and their corresponding standard errors (in brackets) for several copula specifications for each pair of agriculture commodity return. ** and * denote rejections of the null hypothesis at the 1% and 5% significance levels, respectively.
The Static Copulas
The smallest values of the AIC among all of the pairs are those of the Student-t copula. This implies that the Student-t copula is the best model for capturing the dependence. This result indicates that dependence among agricultural commodities is governed by symmetry; that is to say, agricultural commodities appears to co-move symmetrically. The DoF of the Student-t copula range from 5.8557 (corn and soybeans) to 30 (corn and soya oil, wheat, and soya oil) in the pre-crisis period and from 3.7298 (corn and soybeans) to 10.6802 (soya oil and cotton) in the post-crisis period. The values of the tail dependence between agricultural commodity markets reported in Table 6 yield clear evidence that extreme co-movement exists in each pair of agricultural commodity prices being studied in this paper, except the pairs of cotton with corn, wheat, soybeans, soya oil, and oat in the pre-crisis period. Thus, we conclude that the agricultural commodity markets, except cotton, tend to boom and crash at the same time; that is, when one agricultural commodity market has a high positive return, another agricultural commodity market tends to have a high positive return and vice versa. We also compare the dependence of the pre-crisis and post-crisis periods and find that the tail dependence among agricultural commodity markets is higher after the food crisis. This implies that after the food crisis, agricultural commodity returns move together more closely. Thus, we conclude that the food crisis increased the dependence among agricultural commodity markets. We also observe that the tail dependence reaches the highest level between corn and soybeans, followed by corn and wheat, wheat and soybeans, and then corn and oat. The least dependence is between wheat and oats. The results are consistent with those for unconditional correlation (reported in Table 2 ) and conditional dependence (reported in Table 5 ). Taken together, these results strongly support the argument that the strongest co-movement is found in the pair of corn and soybeans, followed by corn and wheat, and the lowest degree of extreme co-movement is between soya oil and cotton. A possible reason for the strong co-movement between corn and soybeans could be the demand for biofuels, since corn and soybeans are the main crops that are used in the production of biofuels (biodiesel and ethanol). 
The Time-Varying Copula
The dependence obtained from the static copulas as discussed above is under the assumption that the dependence is time invariant, but in reality, the dependence could be time varying. To circumvent this limitation, we employ the dynamic Student-t copula as stated in Equation (8) in the analysis and exhibit the results in Table 7 . From the table, we notice that most estimates of the autoregressive parameter β c are significant and close to one, which indicates a high degree of persistence pertaining to the dependence structure in the agricultural commodity markets that the correlation at time t depends strongly on the correlation at time t-1. γ c is the latent parameter that displays the latest return information. The dynamic dependence parameter estimates between agricultural commodity markets generated from the dynamic Student-t copula are plotted in Figure 2 . Figure 2 also provides evidence that the contagion effect increases after food crises. Note: This table reports the estimates of static copula parameters defined in Equations (5)- (8) and their corresponding standard errors (in brackets) for dynamic Student-t copula specifications for each pair of agriculture commodity return. ** and * denote rejection of the null hypothesis at the 1% and 5% significance levels, respectively.
Implications and Suggestions
We turn to a discussion of some of the implications for policy and investment of our empirical analysis of dependence and co-movements among the agricultural commodity markets studied in this research. First, the dependence analysis shows strong contagion effects exist among different agricultural commodity markets. This implies that the agricultural commodity markets have been integrated, with prices booming and crashing together during extreme events, and an increase in volatility in one agricultural commodity will lead to an increase in volatility and price fluctuations in other agricultural commodities. Our findings suggest that policy makers should set up agricultural policies that reduce the probability of an unreasonable increase in agricultural commodity prices as well as any unreasonable large price fluctuations for any major agricultural commodity market. Policy makers should also establish a warning mechanism for any unreasonable multi-market price fluctuations in agricultural commodities. Third, policy makers should design a 'road map' of tail dependence and systemic risk among agricultural markets to protect against spillover risk contagion effects and foster market stability. Fourth, agricultural commodity are not independent; hence, policy makers ought to make one kind of agricultural price support or stabilization policy and should pay attention to the effect of other agriculture prices on this kind of agricultural price.
Moreover, our findings show that there are stronger contagion effects, risk transmissions, and asymmetric tail dependencies among agricultural commodity markets after the food crisis. This suggests that policy makers should pay more attention to setting up policies to stabilize price fluctuations and price increases after the food crisis. They should also set up policies that offer more food subsidies to reduce the negative impact of a rise in agricultural commodity prices on the poor. The finding is consistent with the argument by Reboredo [36] that a rise in agricultural commodity prices would greatly affect the poor's standard of living. On the other hand, a drop in the price of a particular agricultural commodity would cause a drop in the prices of other agricultural commodities, which is a situation that would affect farmers' income. Thus, policy makers should also provide agricultural commodity subsidies to farmers during a period when prices in agricultural commodities drop. Moreover, governments should also consider implementing price controls and trade barriers to stabilize the prices of agriculture commodities and reduce price fluctuations.
In addition, our findings have potentially important implications for investors in their decisions regarding the selection of stocks in their portfolios, as well as on their international diversification and risk management. Our findings show that all the markets are more tail-dependent in the post-crisis than in the pre-crisis, and the distributions are fat-tailed. This information could give hints to investors that risk in one agricultural commodity will likely be dependent on risk in other agricultural commodity markets. Thus, investors and speculators should be portfolio diversification and hedging purposes, thus avoiding the risk of investment in the agricultural commodity market.
Conclusions
This study investigates the co-movement of spot prices of four agricultural commodities (corn, wheat, soybeans, and oats) by using a copula-GARCH approach. We first apply the marginal ARMA (k, r)-GJRGARCH (1, 1) distribution model to examine the marginal distribution for each agricultural commodity studied in our paper. We document the existence of the heteroskedastic effect in all the return series in both the pre-crisis and the post-crisis periods. Moreover, we find an asymmetric volatility effect in wheat and soybean in the pre-crisis period. Then, we apply several copulas to examine the standardized residuals from the marginal models. We find that there are both contagion and risk transmission effects between any pair of agricultural commodity markets, implying that an increase in price and volatility in one agricultural market is likely to lead to an increase in price and volatility in other agricultural markets. Second, agricultural commodities appears to co-move symmetrically. We also observe substantial extreme positive co-movements among different agricultural commodity markets, indicating that when one agricultural commodity market has a high positive or negative return, other agricultural commodity markets tend to have a high positive or negative return. We also find that the co-movements among different agricultural commodity markets increase substantially after the food crisis, and the co-movement varies over time. Moreover, we find that among different agricultural commodity markets, the strongest co-movement is between soybeans and corn, while the weakest is between wheat and oats. Our findings hold implications for policy makers, investors, farmers, and consumers in their policy making, integration, risk management, and asset pricing decisions for agricultural commodity markets.
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